We propose a new index to quantify SSRN downloads. Unlike the SSRN downloads rank, which is based on the total number of an author's SSRN downloads, our index also reflects the author's productivity by taking into account the download numbers for the papers. Our index is inspired by -but is not the same as -Hirsch's -index for citations, which cannot be directly applied to SSRN downloads. We analyze data for about 30,000 authors and 367,000 papers. We find a simple empirical formula for the SSRN author rank via a Gaussian function of the log of the number of downloads.
Introduction
In many scientific disciplines -e.g., physics -the total number of a researcher's citations is considered an important metric of the researcher's scientific impact. However, it does not take into account the author's productivity. An author may write just a single paper garnering many citations. Complementarily, the number of publications is also an important metric. However, it does not account for how important any of the researcher's (possibly numerous) papers are. Hirsch (2005) proposed an index -the -index 3 -whose purpose is to combine into a single number both the citations and publications figures. The appeal of the -index is that, not only is it intuitive and simple to compute, it requires only data for a given author (publications and citations), no cross-sectional (across a sample of authors) data. E.g., INSPIRE High-Energy Physics Literature Database, Thomson Reuters Web of Science and Google Scholar all have utilized the -index. Also, its variation has been applied to the internet media (Hovden, 2013) .
Social Science Research Network (SSRN) keeps track of numbers of downloads for each author and paper. The number of SSRN downloads has -perhaps not surprisingly in hindsightbecome an important metric in its own right. SSRN ranks authors and papers by the number of downloads. However, just as with citations, the number of downloads for a given author does not take into account the author's productivity, that is, the number of publications (or papers).
In this note we propose a new index for SSRN downloads. Unlike the SSRN downloads rank, which is based on the total number of an author's SSRN downloads, our index also reflects the author's productivity by taking into account the download numbers for the papers. Our index is inspired by -but is not the same as -the -index. Thus, if we apply the -index to SSRN downloads (via simply replacing citations by downloads), we will find that the -index is mostly equal the number of papers: the bulk of the numbers of downloads exceeds the bulk of the numbers of citations by roughly a few orders of magnitude, so the -index is uninformative. 4 We circumvent this difficulty by noting that the numbers of downloads -in fact, just as the numbers of citations -have quasi-log-normal distributions. I.e., the numbers of downloads (citations) are exponential by nature.
We therefore define the following index -call it for the lack of a better name -for SSRN downloads for a given author:
Where is the number of downloads for the -th paper by said author; ; is the number of papers with ; and are ordered decreasingly: . As we discuss in more detail below, the index appears to produce reasonable statistical output.
Let us recast (1) and (2) in plain English. For a given author, take all papers with nonzero downloads. Sort these papers decreasingly with the number of downloads. For each paper, take the integer part (the floor) of the natural log of the number of downloads, which is . Let us call "log-downloads". Then the author's index equals if of the papers have at least log-downloads each, and the other papers have no more than log-downloads each. This is the same as the -index with the numbers of citations replaced by log-downloads .
The index is integer-valued. Currently, it varies from 0 to 9 (we discuss our data in detail in the next section). So, many authors share the same . We can add granularity via noninteger indexes and (cf. (Ruane and Tol, 2008) ):
Here if ; otherwise, . By definition, and Eq. (3) has a simple geometric meaning. First, consider the case . Once we fix via Eqs. (1) and (2), we linearly interpolate between the points and (cf. (Rousseau, 2006 (Rousseau, , 2014 ). On that line there always exists a point , which defines . For we interpolate twixt and ; being a natural estimate for . We compute , and for about 30,000 SSRN authors (see Section 2). Table 1 gives the top 20 authors by their values and shows that the ranking of authors by does not coincide with their SSRN rank (similarly to ranking by the -index v. ranking by citations). Figure 1 illustrates the computation of the , and indexes. Both the and indexes are equally informative and as a matter of preference we can use either or interchangeably.
In Section 2 we discuss our data and its statistical characteristics for about 30,000 SSRN authors and over 367,000 papers. We find a simple empirical formula for the SSRN author rank (see Section 2 for the empirical values of the numeric coefficients ):
where is the author's total number of downloads. In section 3 we discuss some statistical properties of our indexes , and , including what is an analog of the ratio for theindex. In Subsection 3.1 we discuss another index for SSRN downloads inspired by the -index (Egghe, 2006) and how it compares to the index. We briefly conclude in Section 4, where we discuss advantages of our proposal, some caveats and (in some cases) how to cope with them.
As mentioned above, our indexes for SSRN downloads are related to the -index (and, thereby, the Eddington number) by virtue of their definitions. In this regard, let us mention some prior works. Here we will not attempt a comprehensive overview of the literature on the -index and various related indexes -for detailed reviews and extensive lists of references, see, e.g., (Alonso et al, 2009 ), (Egge, 2010 and (Norris and Oppenheim, 2010) . Instead, here we focus on prior works with some potential relevance to the approach we follow in this paper.
Thus, various "nonlinear" generalizations of the -index have been proposed, e.g., the index (Kosmulski, 2006) and its generalizations (Levitt and Thelwall, 2007; Deineko and Woeginger, 2009 ). The index was applied to article downloads as a metric for academic journals (Hua et al, 2009) . Logarithms of citations have been considered in other contexts such as ranking (see, e.g., (Lundberg, 2007) and (Stringer, Sales-Pardo and Amaral, 2008) ). However, to our knowledge, our log-based indexes, which stem from our observation of the exponential nature of SSRN downloads (and other metrics, including citations -see Subsection 3.5) are the first of their kind. Also, our application of indexes of this kind to SSRN downloads is novel and the beauty of working with SSRN downloads data is that it is large and provides lots of statistics. Currently, SSRN uses vanilla downloads (and, secondarily, citations) to rank authors and papers.
Variations on the -index theme include the aforementioned -index of (Egge, 2006) (which is analogous to the index with citations replaced by cumulative citations), the -index (Alonso et al, 2010) , the -index (Van Eck and Waltman, 2008) , the -index (Jin, 2006; Rousseau, 2006) and its variation the -index (Bornmann, Mutz and Daniel, 2008) , the -index and the -index (Jin, 2007; Jin et al, 2007) (also see (Jarvelin and Persson 2008) ), the citationweighted -index (Egge and , the contemporary -index, the trend -index and the normalized -index (Sidiropoulos, Katsaros and Manolopoulos, 2007) , the dynamic -type index (Rousseau and Ye, 2008) , the tapered -index (Anderson, Hankin and Killworth, 2008) , variants accounting for multiple authors (Shreiber, 2008; Batista et al, 2006; Bornmann and Daniel, 2007; Imperial and Rodriguez-Navarro, 2007; Egge, 2008) , and other variations of theindex.
Data
In this section we describe our dataset. We downloaded all of our data directly from the SSRN website. The download was automated excepting some manual "patches" (see below). SSRN provides the "Top Authors" data for the top 30,000 authors 5 based on downloads, both overall and for the last 12 months. We downloaded this data on 08/11/2015. 6 The data contains links to the authors' freely accessible individual webpages with their scholarly papers. Out of the 30,000 webpages 15 turned out to be "bad", so our dataset contains 29,985 authors.
The Top Authors data consists of 300 webpages, with 100 authors per page. Among other data, for each author these webpages contain the total number of downloads and the total number of papers (overall and for the last 12 months). Table 2 gives summaries for and as well as downloads-per-paper and their logarithms. Figure 2 plots densities and histograms for (overall and 12 mo). The distribution for overall is quasi-normal, so the distribution for overall is quasi-log-normal, i.e., it is skewed with a long tail at the higher end. The distribution for 12-mo is even more skewed. It is evident that we should not work with the numbers of downloads but their logs. This conclusion is further supported by the densities (and histograms) for downloads-per-paper in Figure 3 .
Furthermore, the density for overall in Figure 3 is very close to a Gaussian. In Figure 4 we plot the same density together with a Gaussian curve from a least-squares fit.
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Here we should remark that the Top Authors data includes all papers in and thereby in the computation, even those that SSRN does not include in the computation of (such as an author's so-called "other papers"). 8 Furthermore, there are regular papers with no downloads for "good reasons", e.g., papers with abstracts only and without downloadable PDF files. In many cases this is due to the policies of the journals where such papers are published, which do not permit posting published papers on the internet, including SSRN. Keeping such papers in in the computation artificially lowers the downloads-per-paper figures. However, these nuances do not affect our conclusion relating to quasi-log-normality.
5 SSRN provides the "Top Authors" data for all authors and also separately for the law, business and economics authors, with such data for the accounting and finance authors apparently forthcoming. We analyzed the data for all authors. It would be interesting to repeat our analysis for the above 5 disciplines (when they become available). 6 Accessing this data beyond the top 10 authors requires an SSRN account login. The downloaded webpages state that the data was last updated on 07/27/2015. 7 We use the R function optim() to determine the three parameters in the fit (mean, standard deviation and maximum value); see Figure 4 . 8 E.g., in the Top Authors data, P. Fernandez's (SSRN ID 12696) is based on 230 of his papers. His 3 "other papers" (in the SSRN terminology) do not contribute to the total number of downloads; however, in the Top Authors data and this is the number used in computing . All figures are as of the date we downloaded the data (see above). Using would appear to be better.
SSRN Rank v. Downloads
The density plots in Figures 2 and 3 are rather convincing: the numbers of downloads are exponential by nature. Let be the number of authors in our data. Then the SSRN author rank is given by (where the rank is computed across all authors in the Top Authors data)
We plot v. and v. in Figure 5 (overall and 12 mo). Let us start with the overall downloads. Except for the top 3 outliers (M.C. Jensen, P. Fernandez and E.F. Fama; see Table 1 ), the lower-left curve in Figure 5 is almost parabolic. A quadratic curve fits the data very well indeed. The results for the fit using a polynomial regression are given in Table 3 . So, we have the empirical formula (4) with the numeric coefficients . Adding a cubic term does not improve the fit. The inflection point in the upper-left curve in Figure 5 occurs around . The results for the quadratic fit for the 12-mo downloads is summarized in Table 4 . The empirical formula (4) also holds in this case with the numeric coefficients . A cubic term does not improve the fit. The inflection point in the upper-right curve in Figure 5 occurs around . 
Top Papers Data
SSRN provides the "Top Papers" data for the top 10,000 papers 10 based on downloads, both overall and for the last 12 months. We downloaded this data on 08/13/2015. 11 The Top Papers data consists of 100 webpages, with 100 papers per page. Among other data, for each paper these webpages contain the number of downloads (overall and 12 mo). Table 5 gives summaries for and its log. Figure 6 plots densities and histograms for (overall and 12 mo). The results are qualitatively similar to those for ; see Table 2 and Figure 2 .
Let be the number of papers in our data. Then the SSRN paper rank is given by (where the rank is computed across all papers in the Top Papers data)
We plot v. and v. in Figure 7 (overall and 12 mo). Let us start with the overall downloads. As above, except for several top outliers, 12 the lower-left curve in Figure 7 is almost parabolic. A quadratic curve fits the data very well indeed. The results for the fit using a polynomial regression are given in Table 6 . So, we have the empirical formula (4) (where is replaced by and is replaced by ) with the numeric coefficients . 13 The inflection point in the upper-left curve in Figure 7 occurs around . The results for the quadratic fit for the 12-months downloads are summarized in Table 7 , so we have in the formula (4). 14 However, the curvature is negligible, so we can use a linear fit instead by setting in Eq. (4), for which the results are provided in Table 8 , and we have with .
Data from SSRN Author Pages
As mentioned above, the Top Authors data contains links to the 30,000 authors' individual webpages. We downloaded these webpages in an automated fashion on 08/16/2015 and 08/17/2015. 15 The data is essentially structured, with a few caveats. E.g., the "Posted:" date is not always shown, which complicates parsing. Also, the default ordering of the papers is by the decreasing number of downloads; however, occasionally this ordering is not followed with no clear pattern. Furthermore, papers that have been revised and are still under review by SSRN are moved to the bottom of the list with no "Last Revised:" date. However, each webpage has a field showing the total number of downloads, so a simple "sanity check" is that summing the number of paper downloads over all papers with non-zero/non-empty downloads fields should produce the total number of downloads. Out of 29,985 good webpages (see above), all but 256 satisfied this criterion with straightforward parsing. An additional heuristic further reduced this number to 78. We manually checked and "patched" the data for these remaining 78 pages on 08/18/2015. However, the laborious and time-consuming sourcing resulted in high quality data.
For the reasons mentioned in Section 2, we drop all papers labeled as "other papers" (SSRN does not include downloads for such papers in the total download count), and also all papers with empty downloads fields. For each author we then have a vector with , same as the total number of downloads on the author's webpage. However, can be less than the total number of papers on the webpage as we omit the papers with empty downloads fields. Using this data we compute , and via Eqs. (1), (2) and (3).
Index Properties
The number of papers (as defined above) across all authors in our database is 367,478. However, by definition, only a fraction of these papers contribute to the index : the number of such papers is simply a sum (across all authors) over the values of the integer index and turns out to be 112,793, or about 30.7%. Table 9 gives cross-sectional (across all authors in the SSRN Top Authors data) summaries for and the ratio (with NAs omitted). The cases are rather ubiquitous, to wit, 8,572. However, these are mostly the authors with low paper counts. We have the following statistics for the number of occurrences of according to the value: 3,326 for ; 2,338 for ; 1,842 for ; 848 for ; 205 for ; 12 for ; 0 for ; 1 for ; and 0 for (see the histogram in Figure 8 ). The outlier corresponds to the author G. Feiger (SSRN ID 1325770), whose .
The index means that papers have at least downloads each, i.e., we have and we can define the ratio We have . Summaries of and are given in Table 9 . The large values of are mostly due to the authors with low paper counts but substantial numbers of downloads. In Figure 8 we plot histograms for , and the quantity also summarized in Table 9 . The significance of the quantity is that, if all (see Eq. (2)), then and . The reason why the index works "numerologically", that is, produces reasonable results, is that the bulk of the values of are of order 1. Had these values been much higher, most values of would equal and this index would be uninformative. The analog of the quantity for the -index is and this quantity is mostly large for SSRN downloads, which is precisely why the -index does not work "numerologically" for SSRN downloads. In contrast, for citations the bulk of the values of (here is the total number of citations) is around 3-5 for physics papers (Hirsch, 2005) focuses on, which is the reason the -index works reasonably well "numerologically" for citations in that particular field.
An Alternative Index
Suppose an author has index . This index knows nothing about the detailed structure of the downloads for the papers with , only that (we are assuming that the papers are ordered with decreasing ). To give more weight to the papers with more downloads, we can consider an alternative index -call it for the lack of a better name -for SSRN downloads for a given author:
I.e., the integer-valued index is based on the average number of downloads for the first papers (as opposed to the number of downloads for the -th paper). 16 As in Section 1, we can define a non-integer index via (see Figure 9 ) Here if ; otherwise, . By construction, and The analog of in Eq. (7) is ; however, the analog of is trivial: for we have as in this case. By construction, the number of papers that contribute to the index is higher (compared with the index ); it is simply a sum (across all authors) over the values of the integer index and turns out to be 128,494, or about 35.0%. Table 10 gives cross-sectional (across all authors in the SSRN Top Authors data) summaries for , , and the ratio (with NAs omitted). As above, the cases are rather ubiquitous, to wit, 11,343, and mostly correspond to the authors with low paper counts. We have the following statistics for the number of occurrences of according to the value (currently, the maximum value of is 10): 3,326 for ; 2,395 for ; 2,206 for ; 1,868 for ; 1,141 for ; 356 for ; 42 for ; 8 for ; 1 for ; and 0 for (see the histogram in Figure 10 ). The outlier corresponds to the author S. Zafron (SSRN ID 279069), whose 9 papers have the downloads vector . Table 11 lists the top 20 authors by the index (cf. Table 1 for the top 20 authors by the index ).
Are Our Indexes Informative?
One of the critiques of the -index was set forth in (Yong, 2014) . In a nutshell, it boils down to the fact that we can think of citations being partitioned into papers, and then theindex is the side-length of the so-called Durfee square (which is the largest square that fits into the so-called Young diagram for said partition (see, e.g., (Anderson, Hankin and Killworth, 2008) ). For given and there is a finite range of what values the -index can take. Assuming equal probabilities (i.e., no additional information) we can define the expected value of the -index. When is large, there is an asymptotic formula for this expected value (Canfield, Corteel and Savage, 1998) , which Yong (2014) proposes to use as the "rule-of-thumb" estimate for the -index:
. Yong then argues that the information in the -index beyond what is already in is limited. In this regard, here we also should ask whether our indexes and are informative (beyond what is encoded in ).
Since our indexes are based on logs of the numbers of downloads, the combinatorial tricks do not appear to be directly applicable. We will therefore take an empirical approach. We plot the indexes and as well as and v.
in Figure 11 . There is an apparent linear component in these indexes. Linear regressions of the indexes over with the intercept are summarized in Tables 12-15 . Adding another explanatory variable improves the fits -see Table 16 . Evidently, the dependence on is not the end of the story: there is more information encoded in these indexes beyond what is already in .
Twelve-months Indexes
One "shortcoming" of the -index is that, for a given author, it cannot decrease. A retired author can have a high -value without writing a single new paper. By definition, the same applies to our indexes. In the case of the -index, one can implement a weighting scheme, whereby older papers are given less weight (Sidiropoulos, Katsaros and Manolopoulos, 2007) . The same idea can be applied to our indexes. However, the data for the age of the downloads is not readily available, at least not publically, so any empirical analysis presently is out of reach.
Nonetheless, not all is lost. We can compute our indexes for the last 12-months downloads. The author webpages do not separately provide the last 12-mo download data. We circumvent this difficulty by utilizing the Top Papers data, which contains the top 10,000 most downloaded papers for the last 12 months together with their last 12-mo download numbers. 17 For each author contributing to these 10,000 18 papers we can extract the author's papers with the last 12-mo download numbers and therefore compute our indexes. Summaries for the 12-mo and index values are given in Table 17 . Tables 18 and 19 give the top 20 authors by the 12-mo and index values, respectively. The numbers of papers (column 6) in Tables 18 and 19 are lower than those in Table 1 . It is not surprising that some papers do not make it to the top 10,000 most downloaded papers. This causes the total numbers of downloads in the last 12 months in Tables 18 and 19 to be lower than those reported in the Top Authors data (not shown), so the 12-mo rank in Tables 18 and 19 (column 7) , which is based on the total numbers of downloads in Tables 18 and 19 (column 5), is not always the same as the 12-mo rank in the Top Authors data. However, we expect that the omitted low-downloads papers hardly affect the index values. The rank is not critical here and is shown solely for comparison purposes.
We can analyze the time-dependence of our indexes in more detail using the SSRN author webpage data. It contains the "Posted:" field (with some missing cases -see above), the date a paper was originally posted on SSRN. We parsed the 30,000 author webpages (see above) and for each author identified the earliest of the "Posted:" dates, which we use to measure , the authors' "SSRN career" lengths in years (for simplicity we set 1 mo = 1/12 yr, 1 day = 1/30 mo).
Plots of , , and v. are given in Figure 12 . 19 There is no statistically significant relation between and ; see Table 20 . 20 On average, there is linear growth in , and (at the upper end of the values) with , which is expected; see Table 20 . Adding as a third explanatory variable in the regressions in Table  16 , however, has a negligible effect on the fits. The dependence is not the main driver. 
Why Do Our Indexes Work "Numerologically"?
In our definition of the index in Eqs.
(1) and (2) (and, consequently, in our definitions of the indexes as well as and ) we chose the natural logarithm as opposed to a logarithm with another base . How come? The answer is rather prosaic. We chose the natural logarithm because it works well "numerologically". Let us elaborate on this point.
18 One paper does not list the author(s) in Top Papers, so we end up with 9,999 papers with 11,871 authors. 19 We downloaded the 30,000 SSRN author webpages to extract the "Posted:" fields on August 28-29, 2015. This does not affect the actual values of ; however; there were more "bad" webpages, 27 instead of 15 (see above).
20 So that the statistic is meaningful, we take . After dropping NAs (see above), we have 28,552 datapoints. The summary for reads: Min = 1.003, 1st Quartile = 4.111; Median = 7.467; Mean = 8.415; 3rd Quartile = 12.060; Max = 21.270. The maximum corresponds to the author J. Pontiff (SSRN ID 17153), with a posting on 5/9/1994. 21 Cf. the so-called -quotient (the -index over the number of years); see (Hirsch, 2005 ).
Suppose we have objects (e.g., papers), each of which is characterized by a count of sorts (e.g., a number of citations or downloads, etc.). Let us call these counts , . Let us further assume that the counts are exponential by nature (just as is the case with downloads), i.e., the cross-sectional distribution of the total counts across the object owners (e.g., authors) is (quasi-)log-normal. Suppose we wish to construct an index along the lines of our index. We can define this index via Eq. (1) with defined more generally as follows: 22 Here is an overall normalization factor, which for SSRN downloads in Eq. (2) we have set to 1 for the reasons we will explain momentarily. More generally, need not be 1. The choice of the base in the logarithm is then subsumed in as . I.e., the choice of the base of the logarithm is equivalent to the choice of the overall normalization factor . In the context of the -index this is analogous to the -index of (Van Eck and Waltman, 2008) ; also see (Waltman and Van Eck, 2009 ). Our in Eq. (12) is analogous to in the -index.
So, what should we choose as our factor ? There is no magic prescription here. There are two evident guiding principles: i) that the resulting index (and also and all the other related indexes) should be informative, and ii) simplicity. E.g., if we choose too high, the index will mostly equal the number of objects and thereby be uninformative. If we choose too low, then the index will mostly equal 0 or 1 and thereby also be uninformative. A choice of that avoids such extremes is such that the bulk of the values of the product is of order 1, where, as above, . E.g., we can set , albeit this is not the only choice. For the overall SSRN downloads the bulk of the values of is of order 1 (see Table 9 ), which is why we have chosen in Eq. (2), or, equivalently, the natural logarithm and not any other base. As mentioned above, this is the "numerological" reason why our indexes work well for the overall SSRN downloads. Also, while, e.g., (see Table 9 ), we have chosen based on a further consideration of simplicity, so that only each author's data is required to compute his/her indexes (but no cross-sectional data across a sample of authors).
Here the following remark is in order. Basing on the quantity makes sense only if is essentially normally distributed and the data is not inundated with (and, more generally, low ) datapoints. Our dataset based on the Top Authors data satisfies these criteria: as we discussed above, the density of for the overall downloads is almost Gaussian (see Figure 4) , among the 29,979 datapoints (there are 29,985 "good" webpages (see above), 6 of which contain no papers) there are only 3,326 papers with and 2,399 papers with , and the paper count statistics is reasonable (see 22 Let us note that rescaling by some factor would merely shift the range of values of the index . Table 2 ). If itself has a highly skewed distribution or the data mostly contains low points, then blindly relying on would produce nonsensical results. E.g., for the 9,999 papers discussed in Subsection 3.3 based on the Top Papers data, despite the fact that the bulk of the 12-mo download numbers are roughly 5-7 times less numerous than the bulk of the overall download numbers. This is due to the fact that the majority of the 11,871 authors of these 9,999 papers have and (see Table  17 ). If we remove the and datapoints, happily we are left with only 1,310 authors with the bulk of the values of of order 1 (to wit, .
Can We Apply Our Indexes to Citations?
As mentioned above, even citations are essentially exponential by nature. In this regard, we believe it would make sense to apply our ideas here to citations as well. This interesting in its own right topic is outside of the scope of this paper, so we will not delve into it too deeply and only give a bird's-eye view. A detailed empirical analysis would be required to see if it works.
If we apply, say, the index as defined in Eqs. (1) and (2) directly to citations, it may not work as well "numerologically". This is because the numbers of citations are a few orders of magnitude lower than the numbers of SSRN downloads. Thus, as of 9/4/2015, M.C. Jensen has the most SSRN downloads, to wit, 830,936, while according to INSPIRE (see above) E. Witten's (high energy physics) total number of citations is 118,374 with a total of 332 citable papers.
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As of 9/4/2015, (Faber, 2007) is the most downloaded SSRN paper with 158,804 downloads, while the most cited paper in high energy physics (per INSPIRE) is (Maldacena, 1997) with 10,996 citations. As is customary in high energy physics, we exclude (Particle Data Group Collaboration, 2014) with 50,004 citations as of the end of 2014, which is a "handbook" of elementary particles and traditionally garners most citations in high energy physics year after year. Based on the above numbers, we can superficially estimate that there is roughly 1-1.5 orders of magnitude difference between SSRN downloads and citations, albeit a more detailed analysis (which is outside of the scope of this paper) would be required to get more precise bulk numbers. In any event, if we apply our indexes with to citations, we can expect that they will produce reasonable results at the higher end (i.e., for highly cited authors and papers), and a nontrivial might be required to have informative indexes for lower citation count trenches.
Our log-based indexes should be applicable beyond SSRN downloads and citations, e.g., for internet media downloads, which apparently are also exponential by nature (cf. (Hovden, 2013) ). However, depending on a type of downloads and the bulk values thereof, the factor in Eq. (12) may have to be chosen away from 1 for our indexes to work well "numerologically".
Conclusions
Let us start by tying up a "loose end", so to speak. In the empirical regression in Table 6 we used the Top Papers data, which only contains 10,000 datapoints. We did so for illustrative purposes as downloading this data, which amounts to downloading only 100 webpages, is much less arduous than downloading 30,000 individual author webpages. However, the latter already contain the data (much more of it, 367,478 papers) required in the regression in Table  6 . We give the results for this regression based on the author webpage data in Table 21 , which are qualitatively similar to the results in Table 6 , and we still have the empirical formula (4).
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As mentioned in Table 17 , the Top Papers data sample is actually small, despite the 9,999 papers it contains, so any results obtained using the Top Papers data should be taken with a grain of salt.
Let us now discuss possible variations and generalizations of our indexes -and this topic invariably overlaps with caveats. E.g., as in the case of the -index, typical values of our indexes -naturally -will vary from discipline to discipline. One way to deal with this is to simply compute the indexes separately for each discipline. As mentioned above, SSRN provides the Top Authors (but not the Top Papers) data broken down by some disciplines (law, business and economics), with such data for other disciplines (to wit, accounting and finance) apparently forthcoming. It would be interesting to statistically analyze our indexes by each discipline.
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One way the disparity in the -index across different disciplines has been dealt with is via normalizing the -index (or the citations) within each discipline (e.g., via dividing by a mean for the discipline).
26 A similar approach can be applied to our indexes as well. So, can we simply rescale SSRN downloads by some factor and apply the -index to the rescaled downloads (as, e.g., for the internet media in (Hovden, 2013) )? A natural choice for such a factor is, e.g., the median of (the distribution is too skewed to use the mean, which is much higher), which is (based on the Top Authors data). However, if we apply the -index to , expectedly, we get an index with a highly skewed distribution. 24 With replaced by and replaced by (see Table 21 ). The inflection point in the curve v. occurs at around . Let us note that the author webpage data contains the numbers of overall downloads for each paper by each of the 30,000 authors, but not for the last 12 months. So, we have no choice but to use to the Top Papers data for the regressions in Tables 7 and 8 . 25 We have refrained from doing so here as the breakdown by all disciplines is currently unavailable. Let us note that the author webpage data can also be split by discipline as the SSRN IDs are obtained via the Top Authors data.
There is no escaping the fact that SSRN downloads are exponential by nature as wehopefully convincingly -argued above based on the empirical data. Logs of the numbers of downloads -not the numbers of downloads -are a natural measure. And this is essentially our key observation. Once we accept this fact, the indexes we propose are natural, with possible tweaks (e.g., the linear extrapolation between the points and in Eq. (3) can be tweaked, but this is all minutiae). Just as the -index, our indexes use only each author's data, but no cross-sectional (across a sample of authors) data, which makes them easy to compute. Rescaling by some factor that requires cross-sectional data to compute would complicate the calculation of an index. And, once again, such rescaling does nothing to address the exponential nature of SSRN downloads, while our indexes are built on that very premise.
Several variations of and indexes complementary to the -index have been proposed, e.g., the -index (Egghe, 2006) , whose analog for SSRN downloads is our index. A geometric mean of the -index and the -index -the so-called -index (Alonso et al., 2010) -is a composite index (also, see, e.g., (Franceschini and Maisano, 2011) ). An evident application to our indexes would be to consider geometric means of the and or and indexes.
Another point worth mentioning relates to the overall normalization factor we introduced in Subsection 3.4. In Eq. (12) it is implicitly assumed to be a constant. However, there is no reason (other than forgoing simplicity, that is) why we could not consider non-constant in Eq. (12) instead, where is some -in many cases, likely relatively slowly varying -function.
Self-citations affect the total number of citations as well as the -index. For citations this is relatively simple to deal with: one can simply remove self-citations. E.g., INSPIRE provides such functionality. Analogously, self-downloads can be a nuisance for SSRN downloads (see, e.g., (Edelman and Larkin, 2014) ) and thereby our indexes. Dealing with self-downloads is harder, perhaps even internally at SSRN. This is a caveat. Also, some papers are not available for download from SSRN (due to journal policies -see above -with exceptions often granted to established authors). Naturally, as with any index, there are caveats. Nonetheless, our indexes are novel and it would be interesting if SSRN could analyze and perhaps even implement them. Table 1 . Top 20 SSRN authors by the index . The 6th column is the number of papers with at least 1 download. The 2nd column is rounded down to the 3rd decimal. The 4th column is rounded down to the nearest integer. The SSRN rank is based on the total number of downloads. All statistics are as of the date(s) of our downloads of the data (see Section 2). Table 2 . Cross-sectional (across all authors in the SSRN Top Authors data) summaries for the total number of downloads and its log, the total number of papers and its log, and downloads-per-paper and its log, both overall and for the last 12 months. In for the last 12 months we drop all cases. We give the numbers as rounded by R. E.g., the maximum numbers of downloads overall and in the last 12 months actually are 824762 and 139290, respectively. The figures are already rounded to the nearest integer in the SSRN Top Authors data. The bottom two rows summarize the ratio of the overall total number of downloads to the 12-mo total number of downloads and the log of this ratio. Multiple/Adjusted R-squared 0.9985 F-statistic Table 3 . Summary (using the function summary(lm())in R) for the cross-sectional (over all authors in the SSRN Top Authors data) polynomial regression of over and with the intercept. The regression formula reads lm(y ~ x + I(x^2)) in R notations, where and . Here the rank and are based on the overall downloads. We keep the outliers in the regression not to inflate the statistics. Table 5 . Cross-sectional (across all papers in the SSRN Top Papers data) summaries for the number of downloads and its log, both overall and for the last 12 months. We give the numbers as rounded by R. E.g., the maximum numbers of downloads overall and in the last 12 months actually are 152242 and 31862, respectively. Multiple/Adjusted R-squared 0.9986 F-statistic Table 6 . Summary (using the function summary(lm())in R) for the cross-sectional (over all papers in the SSRN Top Papers data) polynomial regression of over and with the intercept. The regression formula reads lm(y ~ x + I(x^2)) in R notations, where and . Here the rank and are based on the overall downloads. We keep the outliers in the regression not to inflate the statistics. Table 9 . Cross-sectional (across all authors in the SSRN Top Authors data) summaries for and the ratio together with the factor (see Eq. (7)), its log and . NAs are omitted. Table 10 . Same as Table 9 for the indexes and (except there is no nontrivial analog of in this case -see Subsection 3.1). The factor is defined in Subsection 3.1. Table 17 . Cross-sectional (across all authors in the SSRN Top Papers data) summaries for the and indexes based on the last 12-months downloads obtained using the Top Papers data. Since we only have 9,999 papers with 11,871 authors (see Subsection 3.3), i.e., the data sample is in fact small despite a large number of papers, the data mostly has authors with only 1 or 2 papers. This causes the bulk of the index values to be artificially low (and the primary cause of this is not the fact that the bulk of the 12-mo download numbers is lower than the bulk of the overall download numbers by roughly a factor of 5-7; see the bottom two rows in Table 2 ). Therefore, we provide summaries for all 11,871 authors, the 2,834 authors with papers, and the 1,310 authors with papers.
Regression
Wade D. Pfau, 388906 6.462 6 640 15877 13 22 Table 18 . Top 20 SSRN authors by the index based on the last 12-months downloads obtained using the Top Papers data. See Table 1 for number rounding and other information. Multiple/Adjusted R-squared 0.9882 F-statistic Table 21 . Same as Table 6 , except all quantities are based on the author webpage data. Figure 1 . This figure illustrates the computation of the , and indexes for a randomly chosen author. The sloping diamonds correspond to . The horizontal circles correspond to in Eq. (2). The solid straight line has slope 1 and its intersection with the horizontal lines of circles gives the value of . The dotted straight line with the negative slope goes through the points and and its intersection with the solid straight line determines . In this example we have and . Figure 1 . The sloping diamonds correspond to , where is the average number of downloads for the first papers (the papers are ordered decreasingly with the numbers of downloads ). The horizontal circles correspond to in Eq. (9). The solid straight line has slope 1 and its intersection with the horizontal lines of circles gives the value of . The dotted straight line with the negative slope goes through the points and and its intersection with the solid straight line determines . In this example we have and . , where excludes all papers with empty fields (so the latter do not alter the density curve shape, cf. Figure 3) . See Subsection 3.1 for details. . Here is the time in (years) from the date of the author's first posting of a paper ("Posted:" field) on SSRN until August 17, 2015. Also see Table 20 .
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